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Abstract—Large scale multiple-input multiple-output (MIMO)
or Massive MIMO is one of the pivotal technologies for future
wireless networks. However, the performance of massive MIMO
systems heavily relies on accurate channel estimation. While the
acquisition of channel state information (CSI) in such systems
requires an increasingly large amount of training overhead as
the number of users grows. To tackle this issue, in this paper, we
propose a deep learning assisted blind channel estimation tech-
nique for orthogonal frequency division multiplexing (OFDM)
based massive MIMO systems. We prove that by exploiting the
asymptotic orthogonality of the massive MIMO channels, the
channel distortion can be averaged out without the prior knowl-
edge of channel impulse responses, and after some mathematical
manipulation, different users’ transmitted data symbols can be
extracted. Thus, by deploying a denoising convolutional neural
network algorithm (DnCNN), we mitigate a remaining channel
and noise effect to accurately detect the transmitted data symbols
at the channel sounding stage. Using the detected data symbols
as virtual pilots, we estimate the CSI of all the users at each
BS antennas. Our simulation results testify the efficacy of our
proposed technique and demonstrate that it can provide a mean
square error (MSE) performance which coincides with that of
the data-aided channel estimation technique.
I. INTRODUCTION
Large scale multiple-input multiple-output (MIMO) or mas-
sive MIMO is one of the pivotal technologies for future wire-
less networks [1]–[4]. Massive MIMO can tremendously in-
crease spectral efficiency by enabling users to simultaneously
utilize the entire available bandwidth [5]–[7]. Moreover, by
increasing the number of base station (BS) antennas, i.e., array
gain, the required power to achieve the desired information
rate is reduced and energy efficiency is enhanced compared
to small scale antenna systems [8]. Large-scale antenna ar-
rays also play a vital role in achieving highly directional
beamforming gains in millimeter wave (mmWave) systems
[9]. All the aforementioned benefits of massive MIMO relies
on accurate channel estimates for detection and beamforming.
This is because massive MIMO is using the channel gains
between users and the BS antennas to separate different users
signals from one another. As the scale of the antenna array
increases and/or the number of users in the network grows, the
channel estimation becomes a bottleneck for massive MIMO
systems [10].
Many studies have been conducted to design efficient and
reliable techniques for channel estimation of massive MIMO
systems. There are two class of channel estimation; data-aided
and blind estimation techniques.
In data-aided techniques, a substantial portion of resources
is reserved for transmission of known pilot signals [10]–[12].
In [12], it is shown that up to half of the coherence time may
be dedicated to pilot transmission.
Blind channel estimation techniques are proposed to re-
duce the pilot overhead for channel acquisition. In [13],
the authors exploit massive MIMO channel sparsity in the
angular domain to blindly estimate the channels. However,
the proposed technique in [13] is an iterative solution, and
singular value decomposition of the covariance matrix of the
received signal should be calculated in each iteration which is a
computationally complex process. In [14], an alternative blind
estimation technique is proposed that highly depends on the
sparsity level of the channels. Moreover, since sparse matrix
factorization is a non-convex problem, the authors proposed
a projection-based bilinear generalized approximate message
passing (P-BiG-AMP) algorithm as an approximate solution
which imposes a considerable amount of computational com-
plexity to the system.
Recently, the advent of open-source deep learning (DL)
libraries has motivated another line of research for channel
estimation [15]. In [16] and [17] DL-based channel estimation
techniques are proposed for single antenna systems which are
not suitable for large scale antenna systems. In [18], learned
denoising-based approximate message passing (LDAMP) neu-
ral network, which is used for compressive image recovery,
is applied to estimate the channel in an iterative manner for
mm-Wave massive MIMO systems. Besides its high computa-
tional complexity, this work has studied only a single user
scenario. In [19], a low-complexity channel estimator with
an embedded neural network is proposed for massive MIMO
systems. This solution assumes flat fading channel in a single
user scenario, and it still requires pilot signals to estimate the
channel. In [20], a framework that integrates DL into massive
MIMO is proposed to estimate direction of arrival (DOA)
and channel impulse responses between the users and BS
antennas. In fact, a deep neural network (DNN) replaces the
whole massive MIMO receiver and is trained to estimate DOA.
Then, the complex gains of the channels are calculated using
the estimated DOA and a short training sequence. Moreover,
if the number of BS antennas increases, the size of DNN
layers should grow accordingly. This leads to a considerable
computational burden.
In this paper, we propose a blind DL-assisted channel esti-
mation technique for multi-user orthogonal frequency division
multiplexing (OFDM) based massive MIMO systems. We
exploit the asymptotic orthogonality of the channel vectors in
very large MIMO systems to detect transmitted data symbols
without the knowledge of CIRs. In fact, if the BS antennas
have spacings of larger than λ/2, where λ is the wavelength
of the carrier frequency, different users’ channels will be
independent, i.e., there is no antenna coupling issue or no
correlation between different users’ channel responses. As
a result, different users’ channels will be orthogonal in the
asymptotic regime. Thus, by calculating the covariance matrix
of the received signals at the BS antennas, we can average
out the channel and noise effects. Then, we show that with
some mathematical manipulation the transmitted signals can
be extracted. Therefore, we detect the transmitted data symbol
of each user in the channel sounding phase and consider them
as virtual pilots to estimate the CIRs of all the users. However,
in practice, the channel and noise effects cannot be ideally
eliminated, and the remaining interference scatters the symbols
and leads to an inaccurate virtual pilot estimation. To tackle
this problem, we propose using denoising convolutional neural
network (DnCNN) algorithm, [21], to remove the remaining
interference and improve the efficacy of our virtual pilot es-
timation, and consequently, our channel estimation technique.
Unlike other denoising algorithms, a trained DnCNN does not
involve a complex optimization problem. Moreover, DnCNN
model is able to perform denoising with an unknown noise
level. Finally, we assess the performance of our proposed
technique through some numerical analysis. We choose the
data-aided technique as a benchmark because it provides the
best performance as the receiver uses known pilot sequences
for channel estimation. We show that the mean square error
(MSE) of our proposed technique matches that of data-aided
technique. We also compare the bit error rate (BER) perfor-
mance of our proposed channel estimation technique without
any denoiser to the DL-assisted one in order to highlight the
improvement achieved by using DnCNN. In addition, it is
demonstrated that the BER curve of our proposed blind DL-
assisted channel estimation technique matches the benchmark.
The rest of this paper is organized as follows. Section II
presents the system model for the uplink of the OFDM-based
multi-user massive MIMO system. Our proposed channel esti-
mation technique is presented in Section III. Then, we evaluate
our proposed techniques through simulations in Section IV.
Finally, the conclusions are drawn in Section V.
Notations : Matrices, vectors and scalar quantities are de-
noted by boldface uppercase, boldface lowercase and normal
letters, respectively. a[i] and A[i, j] denote the elements i and
(i, j) of the vector a and the matrix A, respectively. Super-
scripts (·)H, (·)T, (·)∗ and (·)−1 denote Hermitian, transpose,
conjugate operation and the inverse of a matrix, respectively.
IN and 0N are an N × N identity matrix and zero matrix,
respectively. E{·} denotes the expectation operator. Symbols
⊙ and ⊘ stand for element-wise (Hadamard) multiplication
and element-wise (Hadamard) division, respectively. ||A|| is
the Frobenius norm of the matrix A. Finally, d = diag(D) is
the vector including the elements on the main diagonal of the
matrix D, and C = circ(c) is a circulant matrix with the first
column being c.
II. SYSTEM MODEL
Consider the uplink of an OFDM-based massive MIMO
system where P single antenna users are communicating with
a BS equipped with M ≫ P antennas. Having N active
subcarriers, the N × 1 vector of the κth OFDM symbol for a
given user p before adding cyclic prefix (CP) is obtained as
x
κ
p = F
H
Nd
κ
p , (1)
where the N × 1 vector dκp contains the quadrature amplitude
modulated (QAM) data symbols of user p at time slot κ,
which is normalized to have a power of unity. Also, FN
is the normalized N -point DFT matrix with the elements
FN [i, k] =
1√
N
e−j
2pi
N
ik for i, k = 0, · · · , N − 1. To absorb
the channel transient response, a CP with the length larger
than the length of the channel impulse response (CIR), L, is
appended in the beginning of each OFDM symbol. We also
consider perfect synchronization in both time and frequency.
Uplink transmission in massive MIMO systems is divided
into two phases; (i) channel sounding phase in which the
CIRs of all the users are estimated, and (ii) detection phase
where the transmitted data symbols are detected using the
estimated CIRs. As the data-aided technique, the channel
sounding phase is considered to be equal to the length of P
OFDM symbols. Note that the data-aided technique requires
to transmit number of pilot sequences equal or greater than
the number of users, [10]. However, we assume that in the
channel sounding phase, instead of transmitting known pilot
sequences, users transmit their data symbols which are used as
virtual pilots in section III. In order to make the users’ signals
orthogonal in the channel sounding phase, we assume that
users are using consecutive symbols in a round robin fashion
and at each OFDM symbol only one user transmits its signal
while others are silent. Therefore, after CP removal, the N×1
received signal vector at BS antenna m for 0 ≤ κ ≤ P − 1 is
given by
r
κ
m = X
κ
phm,p + nm, (2)
for κ = p, where Xκp is an N ×L matrix including the first L
columns of the circulant matrix circ(xκp ), nm ∼ CN (0, σ
2
nIN )
is the complex additive white Gaussian noise (AWGN) with
the variance of σ2n at the m
th BS antenna. Note that since
each user only occupies one of the first P OFDM symbols
in the channel sounding phase, Xκp is a zero matrix for
κ 6= p. In addition, hm,p is the L × 1 CIR vector between
user p and BS antenna m, and the channel taps are assumed
to be a set of independent and identically distributed (i.i.d.)
random variables that follow the complex normal distribution
CN (0,ρp), where ρp is an L× 1 vector representing the p
th
user’s channel power delay profile (PDP).
In the detection phase, i.e. P ≤ κ, all the available time-
frequency resources are being reused by all the users. Thus,
the received OFDM symbol at time slot κ after CP removal
can be written as
r
κ
m =
P−1∑
p=0
X
κ
phm,p + nm. (3)
After the CIRs of all the users are estimated, a linear combiner,
such as matched filtering (MF), zero-forcing (ZF) or minimum
mean square error (MMSE), can be used to detect transmitted
data [22].
III. PROPOSED CHANNEL ESTIMATION TECHNIQUE
In this section, we propose a technique to blindly estimate
the data symbols transmitted at the channel sounding stage,
i.e. 0 ≤ κ ≤ P − 1 by exploiting the asymptotic orthogonality
of the channel vectors of massive MIMO. Then, these symbols
are utilized as virtual pilots to estimate the CIR of each user
at each BS antenna.
At the receiver, we take discrete Fourier transform (DFT) of
the received signal in equation (2). Assuming that user q has
transmitted its signal on the OFDM symbol κ = q, we take
the qth received symbol to extract the qth user’s transmitted
data symbols. Then, we calculate the covariance matrix of this
symbol at the output of the DFT block by multiplying it to its
Hermitian for 0 ≤ m ≤M − 1 and average it over all the BS
antennas as
Rq =
1
M
M−1∑
m=0
FNr
q
m(FNr
q
m)
H. (4)
To keep the formulation simple and without loss of generality,
we drop the symbol index κ which is equal to q in the rest of
our derivations. Then, the equation (4) can be expanded as
Rq = FNXqChq,hqX
H
q F
H
N + FNVqF
H
N + FNCn,nF
H
N ,
(5)
with
Chq,hq =
1
M
M−1∑
m=0
hm,qh
H
m,q, (6)
and
Vq = XqChq,n + (XqChq,n)
H, (7)
is the noise effect where
Chq,n =
1
M
M−1∑
m=0
hm,qn
H
m, (8)
and
Cn,n =
1
M
M−1∑
m=0
nmn
H
m. (9)
According to the law of large numbers, as M grows large,
Chq,hq [i, j] → E
{
hm,q[i]h
∗
m,q[j]
}
. Since hm,q[i] is a set of
i.i.d. random variables, E
{
hm,q[i]h
∗
m,q[j]
}
= 0 for i 6= j,
and E
{
hm,q[i]h
∗
m,q[i]
}
= ρq[i] which is the i
th element
of the PDP vector of user q. Thus, Chq,hq is a real-valued
diagonal matrix with the main diagonal equal to ρq. Note
that nm[i] and hm,q[i] are also independent and both are
identically distributed. Thus, as M grows large, Chq,n[i, j]→
E {hm,q[i]n∗m[j]} = 0, and Cn,n[i, j] → E {nm[i]n
∗
m[j]}
which is zero for i 6= j and σ2n for i = j for all i and
j. Thus, the last term on the right hand side of equation
(5) can be removed by subtracting σ2nIN . Then, considering
F
H
NFN = IN , equation (5) can be rewritten as
Rq = (FNXqF
H
N )(FNChq,hqF
H
N )(FNX
H
q F
H
N ) + FNVqF
H
N .
(10)
It is worth noting that since Xq is a circulant matrix,
FNXqF
H
N is a diagonal matrix with the main diagonal equal
to dq . Hence, we have
Rq = diag(dq)C˜hq,hqdiag(d
H
q ) + FNVqF
H
N
= C˜hq,hq ⊙
{
dqd
H
q
}
+ FNVqF
H
N , (11)
where C˜hq,hq = FNChq,hqF
H
N = circ(ρ¯q) is a circulant
matrix as Chq,hq is diagonal, and ρ¯q is N -point DFT of ρq.
Furthermore, if we element-wise divide the matrix Rq by the
elements of the matrix C˜hq,hq as
Gq = C˜hq,hq ⊘Rq
= dqd
H
q + V˜q, (12)
where
V˜q =
{
C˜hq,hq ⊘ (FNVqF
H
N )
}
. (13)
Let us assume that the data on the first subcarrier of the first
OFDM symbols of the users, i.e. dp[0] for p = 0, 1, · · · , P−1,
are known as reference symbols. Then, we can form a matrix
Yq as
Yq[i, j] = dq[0]×
Gq[i, j]
Gq[0, j]
= dq[0]×
dq[i]dq[j] + V˜q[i, j]
dq[0]dq[j] + V˜q[0, j]
= wq[j]dq[i] + V̂q [i, j], (14)
where
wq[j] =
dq[0]dq[j]
dq[0]dq[j] + V˜q[0, j]
, (15)
and
V̂q[i, j] =
dq[0]V˜q[i, j]
dq[0]dq[j] + V˜q[0, j]
. (16)
One can see from equation (14) that all the N elements in
the ith row of the matrix Yq contain the information of dq[i].
Moreover, as the number of BS antennas, M , grows large,
noise effect is averaged out and Vq[i, j] in equation (7) tends
zero. Thus, we have wq[j] ≈ 1 and V̂q[i, j] ≈ 0. Therefore,
the data symbols dq[i] can be estimated as
dˆq[i] =
1
Na
Na−1∑
j=0
Yq[i, j], (17)
for i = 0, 1, · · · , N − 1. However, due to the limited number
of BS antennas in practical systems, noise effects will not
completely fade away and distort the received symbols.
To address this issue, we propose applying CNN-based DL
algorithms called DnCNN to mitigate noise effect and extract
the information in virtual pilots with a higher level of accuracy.
DnCNN contains three types of layers. The first convolutional
layer uses 64 different 3 × 3 × 1 filters and is followed by a
rectified linear unit (ReLU). Second, there are 18 convolutional
layers with 64 filters of size 3× 3× 64, batch-normalization,
[23], and a ReLU. Final layer utilizes one 3× 3× 64 filter to
reconstruct the output. DnCNN is capable to learn either the
original mapping or the residual mapping. In original mapping,
DnCNN directly detects the data from a noisy observation.
While in residual mapping, first, it detects additive noise, and
then, subtracts it from the input to recover the original data.
This method is known as residual learning, [24]. Here, we
deploy DnCNN for the residual mapping. As DnCNN only
takes real-valued input, we separate the real and the imaginary
parts of the matrix Yq into two N×N matrices and give them
to DnCNN as two different inputs. Then, we can calculate the
complex noise from the outputs of DnCNN corresponding to
the real and imaginary parts of the noise as
V̂
(DnCNN)
q = V̂
(DnCNN)
q,real + V̂
(DnCNN)
q,imag . (18)
By subtracting the noise from Yq, we have the denoised
version of the matrix Yq as
Y (DnCNN)q [i, j] = Yq[i, j]− V̂
(DnCNN)
q [i, j], (19)
and the data symbols dq[i] can be estimated as
dˆ(DnCNN)q [i] =
1
N
N−1∑
j=0
Y (DnCNN)q [i, j], (20)
for i = 0, 1, · · · , N − 1. These symbols are then deployed as
virtual pilots to extract the channel estimates of all the users
at the BS.
Thus, after detecting the users’ virtual pilots, we employ
a simple maximum likelihood (ML) channel estimation to
estimate the channel impulse responses. To this end, we
rearrange equation (3) as
rm = Xhm + nm, (21)
where X = [X0,X1, · · · ,XP−1], and hm =
[hTm,0,h
T
m,1, · · · ,h
T
m,P−1]
T. Then, the logarithm of the
conditional probability density function (PDF) of rm given
hm,p can be written as
ln p(rm|hm,p) = Θ0 −Θ1 [rm −Xhm,p]
H
(22)
× [rm −Xhm,p] ,
where Θ0 = −N ln(2piσ2n)/2, and Θ1 = 1/2σ
2
n. By taking the
derivative of equation (22) with respect to hm,p and setting it
to zero, the estimated channels of all the users at a given BS
antenna m can be obtained as
hˆm = (X
H
X)−1XHrm. (23)
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IV. NUMERICAL ANALYSIS
In this section, we evaluate our theoretical developments in
the previous section through numerical analysis. We consider a
massive MIMO setup with P = 4 users which are transmitting
16-QAM symbols over N = 128 subcarriers. In our simula-
tion, we use the 3GPP Long Term Evolution (LTE) extended
typical urban (ETU) channel model, [25], and the CP length of
N/8. We assume perfect power control for all the users. Using
similar numerology as in LTE, channel coherence time is set
to 1 ms. We also consider the worst case where the coherence
frequency is equal to the subcarrier spacing. The training and
validation sets for training DnCNN contains 80000 and 16000
samples. Moreover, the data is scaled to the range of [0, 1]
to be applied to DnCNN. Adam optimizer, [26], is utilized to
train the networks. As a benchmark, we consider a data-aided
channel estimation technique in which known pilot symbols
are transmitted at the channel sounding stage [12]. Note that
the data-aided channel estimation technique provides the best
estimation of the channels since the pilot symbols are known
to the receiver.
Fig 1 shows the MSE performance of our proposed blind
channel estimation technique for different number of BS
antennas as a function of signal to noise ratio (SNR). As it is
mentioned in section III, the remaining noise in equation (14)
leads to inaccurate virtual pilot detection. This causes a consid-
erable gap between the performance of the proposed technique
without DnCNN and the benchmark. As it is demonstrated,
this gap is removed by applying DnCNN denoiser. It is shown
that the MSE of our proposed DL-assisted technique is very
close to the benchmark by deploying M = 100 BS antennas.
Moreover, by increasing the number of BS antennas, the MSE
gets to the benchmark even at low SNRs.
In Fig 2, we demonstrate the effect of the number of BS
antennas on the MSE performance of our proposed technique
at SNR= −5 dB. As it is shown, increasing the number of
BS antennas can reduce the MSE of our proposed technique
without DnCNN, however, it still has a noticeable distance
from the benchmark. This is while the MSE of our DL-
assisted technique reaches the benchmark by using M = 200
BS antennas. In Fig 3, we compare the BER performance of
our proposed virtual pilot detection technique without DnCNN
and the one assisted by DnCNN to the BER of the data-
aided technique for different number of users. We illustrate
the improvement achieved by the DL-based denoiser in our
proposed technique. In addition, it is shown that the BER
performance of our DL-assisted virtual pilot and channel
estimation technique matches that of the data-aided channel
estimation in both cases of P = 4 and P = 8 users.
Furthermore, we plot the sum-throughput of our proposed
technique with respect to Eb/N0 in Fig 4. This figure shows
the superior performance of our proposed technique compared
to the data-aided technique.
V. CONCLUSION
In this paper, we proposed a blind DL-assisted channel
estimation technique for multi-user OFDM-based massive
MIMO systems. We introduced a novel approach to extract
transmitted data symbols without the knowledge of CIRs.
Then, treating the detected symbols as virtual pilots, we
estimated the users’ CIRs. To make our solution applicable to
practical systems with a limited number of BS antennas, we
deployed a DL-assisted denoising algorithm called DnCNN.
A DnCNN algorithm can be trained to perform denoising
with an unknown noise level. In addition, it does not contain
any optimization problem when it is used on-line. DnCNN
mitigates the remaining interference of the channels and noise,
and it considerably improves the performance of our proposed
virtual pilot detection, and consequently, our channel estima-
tion technique. To evaluate the performance of our proposed
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modulation, and different number of users.
-12 -10 -8 -6 -4 -2 0 2 4 6
Eb/N0 (dB)
12
14
16
18
20
22
24
Su
m
-th
ro
ug
hp
ut
 (b
it/s
/H
z)
proposed DL-assisted technique, P=8
proposed technique w/o DnCNN, P=8
data-aided, P=8
proposed DL-assisted technique, P=4
proposed technique w/o DnCNN, P=4
data-aided, P=4
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solution, we compared our blind channel estimation technique
to the data-aided technique as a benchmark since it is based on
known pilot signals and provides the best channel estimation
performance. We demonstrated that there is a gap between
the BER performance of our virtual pilot estimation technique
without the denoising algorithm and the benchmark, which is
removed by applying DnCNN. Moreover, we showed that the
MSE of our proposed DL-assisted technique matches that of
the data-aided channel estimation technique. We also demon-
strate the superiority of our proposed DL-assisted technique
compared to the data-aided case in terms of sum-throughput.
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